Variations in overall liquidity can be measured by simultaneous changes in both immediacy costs and depth. Liquidity changes, however, are ambiguous whenever both liquidity dimensions do not reinforce each other. In this paper, ambiguity is characterized using an instantaneous time-varying elasticity concept. Several bi-dimensional liquidity measures that cope with the ambiguity problem are constructed. First, it is shown that bi-dimensional measures are superior since commonalities in overall liquidity cannot be fully explained by the common factors in one-dimensional proxies of liquidity. Second, it is shown that an infinitesimal variation in either market volatility or trading activity augments the probability of observing an unambiguous liquidity adjustment. Ambiguity strongly depends on the expected (deterministic) component of volatility.
INTRODUCTION
A recurrent topic in microstructure research is the analysis of market liquidity. As noted by Black (1971) and Kyle (1985) , if we consider a stock market with a continuous trading system and we take the level of market efficiency as given, liquidity could be measured by simultaneously considering both immediacy costs and depth. Despite this generally accepted bi-dimensionality, early theoretical microstructure work focus on immediacy costs (Ho and Stoll, 1981; Copeland and Galai, 1983; Glosten and Milgrom, 1985; Stoll, 1989) . In these models, market depth is avoided by assuming constant-sized trades. Kyle's (1985) model and its generalizations (Kyle, 1989; Subrahmanyam, 1991) do consider the market depth dimension. Nonetheless, in these cases immediacy costs are ignored since market makers set a single liquidation price. To the best of our knowledge, there is no model dealing with the theoretical relationship between the two liquidity dimensions.
A similar paradox is found in early microstructure empirical studies, which devote a scant effort to the interaction between immediacy costs and depth. The focus changes with the work of Lee et al. (1993) . Using a sample of NYSE listed stocks, Lee et al. show that specialists actively manage information asymmetry risk by adjusting both immediacy costs and market depth. They report that lower (higher) spreads are generally accompanied by higher (lower) depth; hence, they are dependent dimensions. This finding implies that definitive inferences about market liquidity are impossible analysing only immediacy costs or depth. Recent empirical studies point out the relevance of considering both dimensions simultaneously to measure the impact of policy decisions and information events on liquidity (Goldstein and Kavajecz, 2000a,b; Jones and Lipson, 2001; Chordia et al., 2001, and Corwin and . In all these papers, unambiguous inferences about liquidity are only possible if the changes in immediacy costs and depth reinforce each other. Liquidity unambiguously changes whenever immediacy costs and depth move in opposite directions or one of them changes and the other one remains constant.
This paper is a first approach to cope with this ambiguity. First, we encourage the development of liquidity proxies that combine both liquidity dimensions into a single scalar measure. We use a sort of instantaneous time-varying elasticity measure between immediacy costs and depth to define ambiguity in overall liquidity changes. We consider alternative bi-dimensional liquidity measures that capture simultaneous changes in both facets of liquidity. These measures are larger than zero whenever overall liquidity increases and smaller than zero whenever overall liquidity decreases. We argue that these bi-dimensional measures represent a feasible solution to deal with ambiguity under a predetermined rate of substitution between both facets of liquidity. Using an intra-daily panel data of NYSE-listed stocks, and following the methodology proposed by Hasbrouck and Seppi (2001) , we find evidence of commonalities in liquidity using both the bi-dimensional measures of liquidity and the conventional measures of immediacy costs and depth. We report, however, that the commonalities in overall liquidity cannot be fully explained by the common factors in the one-dimensional proxies of liquidity. This result implies that short-term overall liquidity dynamics cannot be fully explained by the one-dimensional proxies.
Secondly, we study the determinants of an unambiguous change in overall liquidity using discrete choice models. Focus is on the incidence of volatility and trading activity changes on the probability of observing unambiguous changes in overall liquidity. It is shown that an infinitesimal increase/decrease in either market volatility or trading activity augments the probability of observing an unambiguous liquidity adjustment. In our sample, the average trade size is more useful in predicting unambiguous variations in overall liquidity than the volume traded and the number of trades. However, changes in volatility are far more important than variations in the trading intensity. Finally, it is shown that the impact of volatility changes on the probability of an unambiguous overall liquidity adjustment strongly depends on the expected component of the volatility change. Hence, heterogeneous expectations about future volatility changes among liquidity providers might be associated with ambiguity.
The paper proceeds as follows. Section 2 reviews the one-dimensional measures of liquidity, characterizes the unambiguous changes in overall liquidity, and proposes different bi-dimensional measures based on this characterization. Section 3 describes the dataset and reports some preliminary analyses. Section 4 analyses commonalities in overall liquidity and Section 5 studies the determinants of an unambiguous change in overall liquidity. Conclusions are detailed in Section 6.
MEASURING LIQUIDITY
The quoted bid-ask spread is the most commonly used proxy to quantify immediacy costs. The spread captures the costs of trading instantaneously at the specialist's quotes instead of introducing non-marketable limit orders. The economic value of such costs can be assessed by the relative spread, the ratio of the bid-ask spread to the quote midpoint. Empirical evidence has reported, however, that trades may achieve price improvements (Lee and Ready, 1991) . Because the specialist exposes the orders to the crowd and does not automatically execute them against the posted quotes, better prices than those quoted by the specialist are attainable. The effective spread (Petersen and Fialkowski, 1993) captures the notion that if a price improvement occurs, the bid-ask spread would overestimate the immediacy costs. The effective spread is computed as EFS t = 2 |P t − q t |, where P t is the transaction price and q t is the quote midpoint.
Market depth is usually computed as the total size at the best quotes. This quoted size may represent the specialist's own trading interest, the trading interest of the crowd and limit orders stored in the Display Book. Nonetheless, this measure does not necessarily reflect the effective market depth (Handa et al., 1999; Bacidore et al., 2002) . In the same manner that the effective spread can be lower than the quoted spread, the effective depth can be larger than the quoted depth. Recently, Engle and Lange (2001) introduced a new depth measure called VNET. It could be understood as an 'ex-post' or 'realized' depth proxy. VNET is computed as the one-sided volume (excess of buyer or seller initiated trading volume) needed to move the midpoint of the quoted bid-ask spread by a minimum amount. The VNET is conceptually similar to the liquidity ratio of Kluger and Stephan (1997) . 1 Lee et al. (1993) points out the impossibility of making inferences about overall liquidity based solely on immediacy costs or depth analyses. As a result, the most recent empirical research tends to gather together one-dimensional measures of both facets of liquidity. In this paper, it is argued that one-dimensional measures of immediacy costs, even when we have them all together, are insufficient to guarantee unambiguous inferences about liquidity. Ambiguity appears when the variations in immediacy costs and depth do not reinforce each other. Figure 1 illustrates the ambiguity problem. Figure 1(a) represents the (normally) unobservable pricing schedules of both sides of the market, supply (ask) and demand (bid). In most empirical applications, only points X and Y , the best prices and the quantities offered at these prices, can be observed. Assuming that either the ask function or the bid function moves, new best quotes posted at some point inside the shaded areas represent an unambiguous shift in liquidity. For example, Fig. 1(b) corresponds to an upward shift in the ask function that worsens liquidity; in X 1 the immediacy costs are greater and the quoted depth is lower than in X . For changes in the ask function that lead to points out of the shaded areas in Fig. 1(a) , the direction of the liquidity shift is not unequivocally determined.
If the correlation between the two dimensions of liquidity were strongly negative, overall liquidity would always vary towards the shaded areas. Table 3 in Lee et al. (1993, p. 360) shows that the two dimensions are negatively correlated, but it also reports that ambiguous variations in liquidity are frequent. As an additional example, Goldstein and Kavajecz (2000a) conclude that the decimalization process in US markets has had an uncertain impact on liquidity, since a decrease in immediacy costs coincides with a decrease in market depth (see also Ahn et al., 1996) . To date, microstructure researchers have not paid attention to these ambiguous situations.
A measure of overall liquidity would require capturing simultaneous changes in the two facets of liquidity and showing some consideration for the trade-off between immediacy costs and depth, holding liquidity constant, a sort of 'liquidity indifference curve', as indicated by an anonymous referee. Hence, the overall liquidity measure would need to shape the market 'marginal rate of substitution' between both dimensions of liquidity. Let us assume that depth and immediacy costs are perfect substitutes, in the sense that a 1% decrease in immediacy costs compensates the market from a 1% decrease in market depth. Then Fig. 1(c) represents changes in liquidity relative to an initial level L 0 . Shaded areas enclose new levels L 1 = (IC 1 , D 1 ) implying unequivocal increases or decreases in overall liquidity.
Consider the relative change in both facets of liquidity, as represented in Equation 1:
This measure can be thought as an instantaneous time-varying elasticity between depth and immediacy costs (see Fig. 1 measure reflects which facet of liquidity experiences a larger relative variation given a predetermined rate of substitution. In the case of perfect substitution, it approaches zero whenever both dimensions vary proportionally; it is positive whenever an increase (decrease) in market depth is larger (smaller) than a simultaneous increase (decrease) in immediacy costs, and it is negative otherwise.
(2) When ζ D,IC t > 0, this measure is positive (negative) whenever overall liquidity improves (worsens). In the case of perfect substitution, the bi-dimensional measure in Equation 2 satisfies all these properties. Whenever BLM t > 0 overall liquidity improves, whenever BLM t < 0 it deteriorates, and whenever BLM t is close to zero, it does not change. This interpretation is independent of the sign of ζ
A simple ratio of market depth to immediacy costs has already been used in some empirical studies (Bollen and Whaley, 1998; Kumar et al., 1998; Sarin et al., 1999; Gray et al., 2002) . These studies do not deal with the ambiguity problem. Additionally, they do not show why this bi-dimensional measure outperforms one-dimensional measures. A measure, based on this ratio, comparable to BLM t , is
Notice that both BLM t and LR t approximate the idea of a relative variation given a predetermined rate of substitution. For example, a 1% increase or decrease in both facets of liquidity implies BLM t = 0 and LR t = 0. However, LR t has properties that are, a priori, less attractive. First, LR t is not a function of the instantaneous elasticity (ζ
D,IC t
). Second, LR t is less stable than BLM t and is dependent of measurement units. Third, both measures are linearly increasing in market depth and both measures are decreasing in immediacy costs. Nonetheless, BLM t is a linear function of immediacy costs and LR t is a non-linear (convex) one. Then, a 5% increase in market depth increases LR t more than a 5% decrease in immediacy costs, ceteris paribus, and the difference increases with the magnitude of the change.
Previous measures assume perfect substitution between both facets of liquidity. It can be argued, however, that due to market frictions, like the tick size, changes in immediacy costs are far more constrained than changes in market depth. A onetick change in the bid-ask spread is proportionally much greater than a 100 shares increase in market depth. This relative coarseness of the bid-ask spread also suggests that liquidity changes might be earlier detected in depths (Lee et al., 1993) . Hence, the two facets of liquidity should not be equally responsive to variations in adverse selection costs, inventory holding costs or any other determinant of liquidity. This argument would have an immediate consequence on the required rate of substitution between immediacy costs and depth. For a 1% increase in immediacy costs, traders would remain in the same liquidity indifference curve only if market depth simultaneously increases by a percentage larger than 1%. Consequently, any bi-dimensional liquidity measure should have an additional requirement: to account for the relative capacity of both liquidity dimensions to respond to any external stimulus. The measure in Equation 2 can be generalized as
where w reflects a predetermined rate of substitution between both facets of liquidity. An immediate problem is how to determine w objectively. We propose to use a measure of the relative variability of both facets of liquidity, say
. This measure would approximate the relative capacity of response of each dimension of liquidity. Therefore,
where σ D t and σ IC t are proxies of the volatility of each facet of liquidity in the earlier periods. Notice that Equation 5 allows for a time-varying rate of substitution.
Finally, the measures proposed so far consider changes in liquidity relative to a reference level L t−1 = (D t−1 , IC t−1 ). It can be argued that these measures only capture short-term or transitory changes in overall liquidity, in particular when the time periodicity is short. A possible solution to this critique would be to consider a longer period of reference, say AL 
In this case, ambiguity can be redefined as any change in overall liquidity such that
Notice that BLM t measures variations in liquidity supply for a given stock but does not inform one about the amount of liquidity provided. Therefore, this measure is more appropriate for time-series than for cross-sectional analyses. Nonetheless, given an initial liquidity level for each stock L 0 = D 0 − IC 0 , the sum of posterior values of BLM t could proxy for the evolution of the amount of overall liquidity supply for each stock. Additionally, BLM t considers only the best market quotes and not the complete limit order book. Therefore, it is an instrument especially useful for 'small' (non-aggressive) traders. The entire set of offers of both sides of the market collectively provides the best visual representation of the liquidity supply. Nonetheless, limit order book data is not at hand in many professional and academic situations. For example, NYSE traders have a restricted access to the specialist's Display Book and the TAQ database, the official database of the NYSE, does not include limit order book data. Moreover, even if we could observe the entire limit order book, the ambiguity problem would still be present. Adding more layers of quotes to the database would complicate the definition of ambiguity and the computation of both market depth and immediacy costs, but the same inherent problem would persist. Recently, Martínez et al. (2000) and Irvine et al. (2000) proposed two equivalent (non-scalar) measures of liquidity based on limit order book data. When only the best level of the book is available, however, these liquidity measures become one-dimensional measures of immediacy costs.
DATA
We use data on a random sample of NYSE-listed stocks. The data is taken from the TAQ Database corresponding to the full year 1996. The initial sample consists of 150 stocks, sampled from the population of 2574 NYSE-listed common stocks in January 1996 using systematic sampling based on market capitalization. 2 Stocks that experience stock-splits and those without quotes and trades registers for more than two consecutive trading days have been eliminated. From the remaining stocks, we take the 25 stocks with the largest mean trade frequency (see the Appendix). Trades not codified as 'regular trades' have been discarded. Only the trades and quotes from the primary market are considered. All quote registers previous to the opening quote, those with bid-ask spreads lower than or equal to zero or quoted depth equal to zero have also been eliminated. Price and quote files are coupled using the so-called 'five seconds rule' (Lee and Ready, 1991) . We break up the trading session into seven time intervals: [9:30-10:00h.), [10:00-11:00h.), [11:00-12:00h.), [12:00-13:00h.), [13:00-14:00h.), [14:00-15:00h.), and [15:00-closing]. We use the relative spread weighted by time as the one-dimensional measure of immediacy costs,
where l is the number of quote registers in a given time interval, T j is the time (in seconds) between two consecutive quotes, s j is the bid-ask spread and q j is the quote midpoint. To proxy for market depth, we compute a similar measure using the sum of the number of shares offered at the best ask and bid quotes. 3 We consider the logarithm of these measures in order to reduce the influence of outliers. From the one-dimensional measures, we obtain the bi-dimensional measures in Equations 2 to 6. The moving average terms in Equation 6, AD t−1 t−n and AIC t−1 t−n , are computed considering different time spans (from one week to one month) and weighting criteria. The results are unaffected by such alternative computations. Similarly, the relative variability measure in Equations 5 and 6, w(σ IC t , σ D t ), is computed as a ratio of the historical variance of the one-dimensional measures. Once more, the main conclusions are unaffected by the time spans considered. Table 1 reports the proportion of ambiguous and unambiguous changes in overall liquidity for each stock in the sample. In median terms, almost 58% of overall liquidity changes are unambiguous (ζ D,IC t > 0). This finding is consistent with the negative correlation between immediacy costs and market depth reported by Lee et al. (1993) . Indeed, the correlation between the one-dimensional measures of liquidity is statistically negative for 76% of the sample, with an average Spearman rank correlation of −0.19. We have also evaluated the average elasticity between immediacy costs and market depth, approximated by β in Equation 8 and estimated for each stock by robust regression (Rousseeuw and Leroy, 1987) .
Then, the population is sorted by market capitalization and the stocks selected are those in the rkth positions, where r = {1, 2, . . . , 150} (see Som, 1996 , pp. 81-90 for details). 3 We have also considered ex-post liquidity measures, the effective spread weighted by volume to proxy for immediacy costs and the VNET weighted by volume to measure market depth. In addition, the relative spread and the quoted depth have also been computed using the last quotes in each time interval and the effective spread has been computed using an unweighted average. The empirical results for these alternative measures are not reported because of space limitations, but they are available upon request. In general, our main conclusions are independent of the one-dimensional proxies considered. The estimated elasticity is statistically negative for the 72% of the sample, with a medianβ = −0.5011 (α = 9.782). Nonetheless, different versions of BLM t are closer when overall liquidity varies unambiguously with a systematically lower standard deviation.
COMMONALITY IN OVERALL LIQUIDITY
Recent empirical research has paid attention to cross-firms co-movements in liquidity. Chordia et al. (2000) , Huberman and Halka (2001) , and Hasbrouck and Seppi (2001) use alternative methodological approaches to report evidence of (generally weak) commonalities in liquidity, that is, common short-term variations in liquidity across firms. These studies presume that liquidity is driven by strong common factors. Liquidity dynamics unconnected with these common determinants may be considered as idiosyncratic variations in liquidity. In this section, we apply the methodology proposed by Hasbrouck and Seppi (2001) to our sample of NYSElisted stocks. First, we use principal components analysis to discover the common factors in the bi-dimensional and one-dimensional measures of liquidity formerly discussed. Second, we use canonical correlation analysis to evaluate the correlation between the common factors in the bid-dimensional and one-dimensional measures of liquidity. Finally, we study how much co-variability remains in the bi-dimensional measures of liquidity after accounting for the part associated with the one-dimensional measures of liquidity. If the residual commonality were negligible, that would indicate some informational gain in considering bi-dimensional liquidity measures. The aim of principal components analysis is to find the most important latent common factors that explain the observed variability within a set of related variables. Thus, the first principal component is the linear projection of the observed variables with the maximum variance or, equivalently, that maximizes the explanatory power of the observed variability up to certain normalization restrictions. Computationally, the coefficients of this linear projection coincide with the eigenvector associated with the largest eigenvalue of the variance-covariance matrix of the standardized variables. Indeed, the eigenvalue (λ 1 ) is the total variation attributable to the principal component. If the matrix of observed variables has full rank, we can obtain as many principal components as variables. In our case, the analysis will be restricted to the first three principal components.
For each liquidity measure, we compute the principal components of the panel formed with the 25 standardized time series. 4 Table 3-A reports the first three eigenvalues and the variability explained by each principal component. If the 25 time series were uncorrelated, there would be only one eigenvalue (λ i = 1, ∀i) with a multiplicity of 25. Hence, a generally accepted rule of thumb is to neglect all eigenvalues close to unity. The first common factor of all bi-dimensional measures explains 21.59% (in median) of the total variability of overall liquidity. The second and third principal components, however, are usually negligible. Therefore, most of the common variation seen in overall liquidity is due to a single common factor. For the one-dimensional measures, we report at least two non-negligible principal components that account for 30.68% and 19.44% of the total volatility in immediacy costs and market depth, respectively.
Canonical correlation analysis determines the most important latent common factors that explain the covariance between two sets of observed variables. Given two sets of standardized variables, for example BLM t and RS t , the first canonical variates are given by the vectors (α * , β * ) that maximize Corr(BLM t α, RS t β). A large 4 Since Hasbrouck and Seppi (2001) are interested in the stochastic sources of variability, they standardize the variables so that the deterministic time-of-day effects are removed. We choose not to differentiate between stochastic and deterministic sources of common variation since we are also interested in discerning whether the deterministic sources of variation of overall liquidity are the same as those of the one-dimensional measures. Therefore, we standardize by simply subtracting the mean and dividing by the standard deviation. Although principal components analysis is sensible to the units in which the variables are measured, the standardization is not strictly necessary since it is equivalent to extracting the eigenvectors and eigenvalues from the correlation matrix instead of the variance-covariance matrix. Nonetheless, standardization facilitates certain comparative analyses. Panel A reports the eigenvalues and the total variation in liquidity explained by the first three principal components of each liquidity measure, both one-dimensional and bi-dimensional. For a definition of each variable, see Equations 2 to 6. Panel B reports the correlation between the bi-dimensional and one-dimensional canonical variates. Additionally, this panel reports a canonical redundancy analysis. The figures represent the proportion of total variation in overall liquidity that is explained by the canonical variates.
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Panel C: Residual Commonality
With Asymmetric Canonical Correlations Panel C reports the eigenvalues and the total variation in liquidity explained by the first three principal components of the residuals derived from a set of regressions. The dependent variables are the standardized bi-dimensional liquidity measures and the independent variables are the first three canonical variates between the bi-dimensional measures and the one-dimensional proxies of immediacy costs and market depth. We consider two alternative canonical correlation analysis: simple and asymmetric. For a definition of each variable, see Equations 2 to 6.
and statistically significant value of this correlation suggests that the common factors in BLM t and RS t are statistically correlated with each other. Table 3 -B reports the first three canonical correlations between each bi-dimensional measure and each one-dimensional proxy. As Hasbrouck and Seppi (2001) remark, if BLM i t were perfectly correlated with its own one-dimensional measure, say RS i t , but uncorrelated across firms, the correlation would be 1/25 = 0.2. Therefore, the canonical correlations reported are, in general, statistically significant. This implies that the commonalities between the bi-dimensional and the one-dimensional measures are statistically interrelated. Nonetheless, notice that the canonical correlations depend on the bi-dimensional proxy chosen. Canonical correlations are stronger for BLM (µ) t and BLM (µ, σ ) t , the bi-dimensional proxies that measure overall liquidity changes with respect to the long-run average liquidity level. Table 3 -B reports a canonical redundancy analysis based on the best three linear projections given by this alternative criteria. As in the previous analysis, we report that the common factors in the one-dimensional measures better explain the variability of BLM (µ) t and BLM (µ, σ ) t than the variability of the other bi-dimensional measures.
Finally, how much co-variability does remain in the bi-dimensional measures after we control for the common factors in the one-dimensional measures? Table 3 -C reports the residual commonalities in the bi-dimensional liquidity measures, computed as the first three principal components on the residuals (ε i t ) of the following regressions,
where CC IC k,t is the kth canonical variate, using either simple or asymmetric canonical correlations analysis, between the some standardized bi-dimensional measure B t and the immediacy costs proxy. Similarly, CC D k,t is the kth canonical variate between B t and the market depth proxy. The first canonical variates are, by construction, the common factors in the one-dimensional measures with the highest power to explain the commonalities in the bi-dimensional measures. Therefore, the strength of the remaining commonality in ε i t is a measure of the informational value-added in the bi-dimensional proxies of liquidity. Table 3 -C shows that the residual co-movements in ε i t are not negligible. The residual common factors still explain more than 20% of the total variation of the residuals. The latent factors in the one-dimensional measures explain up to 10% of the total variation when overall liquidity is measured by BLM (µ) t or BLM (µ, σ ) t . The residual commonality is even stronger when some other bi-dimensional measure proxies for overall liquidity. The results are not remarkably affected by the canonical analysis considered. Hence, barely one-third of the commonality in overall liquidity can be attributed to the common factors in immediacy costs and market depth.
THE DETERMINANTS OF AN UNAMBIGUOUS CHANGE IN OVERALL LIQUIDITY
Numerous theoretical studies have examined the impact of market-making costs on market liquidity (O'Hara, 1995) . If market-makers, and others suppliers of liquidity, believe that the information asymmetry risk has augmented, they could protect themselves by quoting less depth and/or increasing the bid-ask spread. Similarly, if market-makers are facing an elevated inventory holding risk, they can manage this risk by using both spreads and depths. Whether liquidity responds with ambiguity or not to a variation in market-making costs should depend on the magnitude and the persistence of such a variation. In this way, several empirical studies have shown that spreads widen and depth falls in response to a perceived significant increase in market-making costs surrounding some events, like earning announcements (Lee et al., 1993) , dividend announcements (Koski and Michaely, 2000) , trading halts (Corwin and Lipson, 2000) and stock splits (Lipson, 1999) .
In this section, we use discrete choice models to study the incidence of volatility changes on the probability of observing unambiguous changes in overall liquidity. Chordia et al. (2001) show that the recent volatility, together with the market returns and the deterministic intra-daily patterns, is the main determinant of overall liquidity. An increase in volatility is expected to reduce liquidity because it signals uncertainty about the true value of the stock (Copeland and Galai, 1983; O'Hara and Oldfield, 1986) and it increases the holding risk (Tinic and West, 1972; French and Roll, 1986) . Therefore, we expect the probability of an unambiguous liquidity adjustment to increase with the magnitude of the volatility changes. We measure volatility as a weighted mean square distance between the quote midpoint and its median,
where p is the number of midpoint changes, med t (q) represents the median of the midpoint in period t, and T i is the time (in seconds) between two consecutive quotes. Lee et al. (1993) show that overall liquidity gets worse in response to higher volume. However, they do not control for the simultaneous effect of volatility. Because there is no consensus about what really drives the relationship between trading activity and liquidity (Jones et al., 1994; Chan and Fong, 2000) , we will consider alternative measures: Vol t is the logarithm of the number of shares traded, Trd t is the logarithm of number of trades completed and Tsz t is the logarithm of the average trade size.
To theoretically motivate this analysis, let U t be a binary variable that equals 1 whenever there is an unambiguous change in overall liquidity and 0 otherwise. Assume that there is an underlying (unobservable) response variable U * t defined by the regression relationship U * t = x t β + u t where x t represents a set of control variables, β is a vector of unknown parameters and u t represents an unobservable component. The response variable U * t can be understood as the liquidity providers' judgment about market making costs. We assume that liquidity providers evaluate the information-asymmetry and inventory-holding risks by observing the variations in volatility and trading activity (x t β). Whenever they perceive a relevant increase (or decrease) in market making costs, say U * t > α, overall liquidity is adjusted by simultaneously altering both immediacy costs and depth in such a way that ζ D,IC t > 0. The size of U * t can also be understood as a measure of the quality of market signals. If the market transmits noisy signals, the probability of observing an ambiguous change in liquidity would increase (U * t < α). While we do not observe U * t directly, we observe the outcome U t such that
where I (.) is an indicator function taking the value 1 if the condition within parenthesis is satisfied and 0 otherwise. When u t is assumed normally distributed we obtain a Probit model
where (z) is the standard normal cumulative distribution function. 5 We are interested in the magnitude of the change in either volatility or trading activity and not on the sign of this change. Hence, we consider the absolute variation in the different indicators as our set of control variables. The volatility measure in the Probit model will be Table 4 reports the median empirical correlation matrix between the control variables. All the variables are significantly correlated, suggesting a common information component. The correlation is especially strong among the trading activity measures. In order to control for multicollinearity problems, we first estimate the following Probit model for each control variable y: Table 5 reports the estimated β for each control variable and each stock in the sample. The coefficient is statistically significant and positive in almost all the cases. This finding strongly supports our initial hypothesis: the probability of an unambiguous adjustment in overall liquidity increases with the contemporaneous magnitude of a change in either volatility or trading activity. Notice that this change can be either an increase or a decrease. To evaluate exactly how big this probability change is, we compute the slope of the probability function:
where φ(.) represents the standard normal density function. This slope depends on the level of the explanatory variable. Table 5 reports the slope evaluated at the average value of each explanatory variable βx y . Therefore, the figures in Table 5 represent the estimated increase on the probability of an unambiguous liquidity change for an infinitesimal deviation of the explanatory variable evaluated at the mean and extrapolated out. An infinitesimal increase/decrease in market volatility augments the probability of observing an unambiguous liquidity adjustment, in median, by 0.1841. The impact of an infinitesimal increase in trading activity is particularly larger for the average size (0.332) and the volume traded (0.314).
To evaluate to what extent the previous findings concerning trading activity are explained by the contemporaneous volatility, we have also estimated the following model: 
wherex Volat t is the component of the volatility measure that is uncorrelated with x y t . Table 6 reports the slopes of the probability function evaluated at the mean whenever the corresponding coefficient β i for i = {1, 2} is statistically significant at least at the 10% level. On the one hand, Table 5 indicates that the variations in volatility and trading activity share some information component. The conditional probability of an unambiguous liquidity adjustment after a variation in either the volatility or the trading activity decreases when we control for commonalities. On the other hand, increases in the activity-adjusted volatility measure (x Volat t ) are positively correlated with the probability of an unambiguous liquidity adjustment (Table 6-B) . Increases in the volatility-adjusted trading measures also influence the probability of unambiguous liquidity movements ( trade size is more useful in predicting unambiguous variations in overall liquidity than the volume traded and the number of trades. Moreover, changes in volatility are far more important than variations in the trading intensity in explaining the unambiguous liquidity adjustments. These findings are consistent with the empirical evidence in Chordia et al. (2001) since volatility determines how does liquidity adjusts more than the trading activity. Additionally, these findings complement the evidence in Lee et al. (1993) since we show that the larger the variation in volatility, the higher the probability of observing immediacy costs and depth movements that complement each other.
Prior analyses do not distinguish between expected and unexpected volatility changes. Nonetheless, unambiguous liquidity adjustments might be more likely when all liquidity providers have a common perception about future volatility levels. That volatility is not uniformly distributed throughout the trading session is a generally known reality. and compute the slopes of the probability function. 6 We obtain that the median impact of an infinitesimal increase inx Volat t , extrapolated out and evaluated at the mean, on the probability of an unambiguous change in overall liquidity is Slopes of the probability function of the Probit model (15) evaluated at the mean, whenever the corresponding coefficient is statistically significant. Panel A: Trading activity measures uncorrelated with the volatility proxy. Panel B: Volatility pair wise uncorrelated with each trading activity proxy. The parenthesis means statistically significant at the 10% level only. Vol is the logarithm of the number of shares traded, Trd is the logarithm of number of trades completed, Tzd is the logarithm of the average trade size and Volat is the volatility measure in Equation (10).
0.1584. The impact of a similar increase inx Volat t is 0.3205. This finding indicates that the probability of an unambiguous liquidity adjustment strongly depends on the expected volatility change. Hence, heterogeneous expectations about future volatility changes among the liquidity providers might explain ambiguity.
CONCLUSIONS
This paper has dealt with an under-developed topic in microstructure research: the ambiguous changes in overall liquidity. We have characterized ambiguity and discussed several measures that cope with this problem. Our empirical findings show that bi-dimensional liquidity measures are more informative than one-dimensional proxies, even when considered all together: common factors in overall liquidity cannot be fully explained by the common factors in immediacy costs and market depth. Moreover, we have evidenced that the volatility changes are positively correlated with the probability of observing a contemporaneous ambiguous change in overall liquidity. We also find that an important part of the incidence of the volatility changes is associated with its expected (deterministic) component. Changes in trading activity also influence the probability of unambiguous liquidity adjustments, especially changes in the average trade size, but to a lesser extent.
The results in this paper suggest further theoretical and empirical research. No theoretical paper exists dealing with how liquidity providers manage market risk using both immediacy costs and market depth. Our results suggest that noisy signals, or equivalently heterogeneous expectations, may be associated with ambiguous liquidity changes. However, a clear signal that generates homogenous interpretations by liquidity providers would induce unambiguous liquidity changes. Moreover, unambiguous liquidity adjustments depend, largely, on the expected volatility changes. Therefore, heterogeneous expectation about future volatility changes should be connected to overall liquidity adjusting unambiguously.
This paper has coped with ambiguity and its determinants. However, these topics deserve further empirical effort. For example, are the determinants of unambiguous liquidity adjustments the same for order-driven markets as for pricedriven markets? Are the determinants of unambiguous liquidity adjustments the same for market makers and specialists as for the limit order book? Is there any intra-daily deterministic pattern in the probability of an unambiguous liquidity adjustment? How does the probability of an unambiguous liquidity adjustment affect the order flow composition? Additionally, we have used volatility and trading activity as proxies of market-making costs. However, it would be interesting to consider direct measures of adverse selection costs, such as the average price impact of trades, and inventory holding costs, such as the inventory levels of the specialists.
Finally, we have considered alternative bi-dimensional measures of liquidity. All these measures, however, depend on a predetermined marginal rate of substitution between immediacy costs and market depth. Moreover, they consider only the information contained in the best ask and bid quotes and do not account for depth improvements. Additional effort should be devoted to finding better bi-dimensional proxies for overall liquidity since our results show that they are superior to directly comparing one-dimensional proxies. 
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